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This paper investigates unmanned aircraft guidance for a severe stormpenetrator to assess the feasibility of such a

mission and to optimize ingress in terms of flight time and exposure to precipitation. Understanding guidance-layer

behavior and deriving control strategies will provide tools for developing mission-level concepts of operation and

makingvehicle design tradeoffs.Abackwardpropagatingwave front algorithmbased onorderedupwindmethods is

developed for guidance-layer planning of severe storm penetration. Target areas for investigation by the aircraft are

identified within simulated storm wind, hail, and precipitation data. The simulated data are used to determine the

feasibility of storm penetration to the points of interest, along with calculating airframe exposure to precipitation.

Ingress planning is also considered for a dynamic wind field using a receding horizon control approach to adapt the

flight path in response to environmental changes.

I. Introduction

ACCORDING to the National Weather Service, 438 fatalities,
close to3000injuries,and$11.2billionindamageswere incurred

due to severe weather in the United States in 2003 [1]. These losses
could be dramatically reduced with effective advanced prediction and
warning systems. Tornadoes are especially violent members of the
severe storm family and thus, the study of tornado formation and
evolution is a public safety necessity. There was an immediate
improvement in tornadowarning capabilities with the introduction of
Doppler radar [2].However, primitive sensingmethodssuchashuman
stormchasersandspottersremainthemostvitalpartof thepublicsafety
system.The inability todetermine thevolumetric thermodynamicstate
of theatmospherebetween thegroundand thebaseof themesocyclone
remains a major barrier towards a deeper understanding of tornado
genesis. The limitations of remote sensing are evident. One cannot
remotely sense the thermodynamic field; these data can only be
obtained with in situ sensing.

Research into tornadogenesis will not progress significantly until
there are measurements of the thermodynamic and microphysical
properties aloft in the vitally important rear-flank region of supercell
storms. A consensus of research in the last 25 year makes it clear that
a small downdraft of a few kilometers width, known as the rear-flank
downdraft, plays a causative role in tornado formation [1,2]. But
recent studies have produced a quandary: surface observations from
instrumented vehicles beneath this downdraft indicate that it
typically arrives at the ground relatively warm and potentially
buoyant compared with typical thunderstorm downdrafts, whereas
studies of the flow in and around this downdraft suggest that it is
negatively buoyant aloft. It is surmised that this negative buoyancy, if
present in sufficient quantities upstream of the location of potential
tornado formation, causes the rotation that is eventually reoriented
and concentrated into a tornado [1,2]. To understand tornado
formation scientists must obtain in situ observations of thermo-
dynamics and the types, amounts, and concentration of hydro-

meteors that, through phase changes, influence the thermodynamics.
Unfortunately, in situ observations are not possible in and around this
downdraft using current technology. Balloons cannot ascend through
strong downdrafts and these flows are too dangerous for penetration
usingmanned aircraft, as evidenced by the inadvertent penetration of
a rear-flank downdraft [2].

Field observations of supercells and tornado formation occur
every spring in the central U.S. Currently these deployments
involve two or more Doppler radar stations. The VORTEX-2
experiment will expand this to five or more mobile Doppler radars
with the addition of unmanned aircraft systems (UAS) [3]. To devel-
op vehicle specifications and concepts of operation for a VORTEX-
2 deployment, the performance of UAS in severe pretornadic storms
must be studied. Initial operational constraints point to the use of a
small unmanned aircraft (UA) to perform such a task. The UA must
be easily portable in a road-worthy vehicle, and must be able to be
deployed quickly. This mandates that the UA must be able to be
transported fully assembled. Furthermore, cost constraints along
with considerations for the potential for vehicle loss also limit its
size. Precedence for the use of small UA in the study of atmo-
spheric convection and severe storms has been established by the
Aerosonde UA [4–6] using waypoint commands issued by the
operator. That UA has been used in several field campaigns to study
tropical storms and hurricanes [4–6]. However, to date penetration
of a pretornadic storm, which evolves over quicker and smaller
scales than tropical storms, has not been reported by any UAS.

This paper investigates the guidance-layer behavior of a severe
storm penetrator to assess the feasibility of such a mission and to
reduce ingress in terms of flight time and exposure to precipitation.
The understanding of guidance-layer behavior and control strategies
gleaned from this work is shown to provide tools for developing
mission-level concepts of operation and for making vehicle design
tradeoffs. For example, aircraft speed generally increases with air-
craft mass, so there is a high-level tradeoff between the size of the
initial region fromwhich an aircraft can be deployed (due to its ability
to fight against strong winds) and the kinetic energy contained in the
vehicle (which relates to system safety).

II. Planning Methods

Aircraft guidance in the presence of strong winds presents several
challenges, particularly when maximum aircraft speeds are less than
the peak wind speeds.‡ In these cases the aircraft are unable to travel
directly upstream in some locations, and so large regions of the
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environment may be inaccessible depending on the initial position
of the UA. Furthermore, as these wind fields vary over time, the
reachable regions of the environment will change. Thus, ingress
planning must be able to account for the time-varying field in the
configuration space and adapt quickly in response to changes.
Because the environment is dynamic and trajectories are likely to
change, near-optimal algorithms, such as receding horizon control,
that generate plans quickly are preferred to optimal ones that may
take significant time.

Theguidance-layer planning problems considered in this paper are
characterized by the presence of background winds that move the
aircraft evenwhen the control inputs are zero,making them examples
of control affine systems with drift [7]. In general, techniques such as
Lie algebra can be extended to determine controllability [7] of
systems with drift. However, these techniques do not address general
optimal control for systems with drift. Instead, motion planning
algorithms are often used based on specific problem formulations.
Recent approaches using wave front expansion via level set [8] and
fast marching methods [9] have been applied to linear and control
affine systems with drift, especially in the context of autonomous
underwater vehicles operating in strong current fields [10].

The wave front expansion methods are well suited to the planning
problems considered here. Thesemethods generate solutions quickly
by interpolating over discrete grid representations of the environ-
ment with approximation error decreasing as the mesh spacing is
decreased. In general these methods are not applied to aircraft
becausewind data are difficult to obtain. However, the Doppler radar
systems [3] deployed to study severe storms provide this information
at discrete points in the regions of interest and can therefore be
incorporated easily by the planning methods. In fact, wind data
are only provided at discrete points so planning methods must
interpolate between grid points. Aircraft kinematic constraints and
environmental constraints due to terrain can also be included in these
methods [10].

Wave front expansion algorithms for path planning and optimal
control use breadth-first search over a discretized space to approxi-
mate the propagation of continuous wave fronts corresponding to
solutions of Hamilton–Jacobi equations. A goal region (or point) is
indicated and assigned a small value. Each grid point adjacent to the
goal is then updated based upon thevalue of other adjacent points and
an interpolated penalty function such as Manhattan or Euclidean
distance [11,12]. Once the entire space has been evaluated, a path can
be generated from any location to the goal by further interpolating
between grid points and using a gradient descent algorithm. Exten-
sions to the basic propagation steps can account for obstacles and
other constraints in the configuration space [13]. These types of
planning methods require that the entire space be known a priori to
generate a path, but only need be called once in a static environ-
ment to calculate the optimal trajectory from every point in the
environment.

Most wave front expansion methods for path planning through
current fields use a forward propagating wave front planner [10,14].
This is well suited for applications that use small amounts of data and
are constantly obtaining only local knowledge of the current field
with some distant global objective.When considering the problem of
storm ingress with a UA, Doppler radar coverage can give a low-
resolution global windfield. This enables the generation of a globally
optimal ingress path using forward wave front propagation.
Unfortunately, real world application of the algorithm will result in
differences between the actual and expected trajectories, and will
require recalculation of the cost map. Therefore the approach used in
this paper uses backward wave front propagation to calculate time-
to-go contours from the goal region once per planning cycle (i.e.,
between sensor updates) to eliminate the need for recomputation at
each control sample. The resulting contour map provides informa-
tion on the feasibility of storm penetration from given locations and
yields the ingress trajectory via gradient descent.

The method of wave front expansion also strongly affects the
ability to create feasible paths in the presence of strong winds. Some
methods for cost propagation limit directions of travel due to the
discretized nature of the wind data [10] and can fail to find feasible

paths in strongwind fields evenwhere one exists. Amethod such as a
sliding wave front expansion [14] uses interpretation to provide
feasible paths where other algorithms fail, but also only produces one
feasible path. Should the path of the vehicle deviate from the optimal
path, a new forward propagation must be performed. Ordered up-
wind methods [15] address both feasible path limitations due to
coarse granularity of sensor data and uses backward propagation. It
accommodates the previously mentioned limitations by continu-
ously refining cost values on the fringe of the wave front.

Several fundamental issues remain to be addressed before existing
methods can be applied to aircraft guidance. First, the presence of a
strong wind field can restrict the motion of the aircraft. There will be
regions in the environment where the aircraft cannot head against the
wind. Second, thewindfield leads to anisotropic drift terms that com-
plicate the wave front expansion. Fast marching methods for wave
front expansion are designed for isotropic wave fronts that expand
with equal speed in all directions. When these methods can be
applied they are very efficient and computationally fast. Unfor-
tunately they cannot be applied directly here. Third, existingmethods
have only been applied to static fields [10,14]. Time-varying fields
complicate thewave front expansion because the goal region can take
on a distorted shape in the configuration space. These issues are
addressed here by the proper development of a penalty cost function,
ordered upwind wave front expansion, and receding horizon plan-
ning, respectively.

This paper presents a backward propagating wave front algorithm
based on ordered upwind methods [15] for guidance-layer planning
of severe storm penetration by unmanned aircraft. Feasibility anal-
ysis is performed on a staticwindfield to assess baseline performance
expectations. Ingress planning is then considered for a dynamicwind
field using a receding horizon control approach to adapt the flight
path in response to environmental changes.

II. System Models

A. Unmanned Aircraft Dynamics

TheUAmodel used here assumes the presence of a low-levelflight
control system capable of altitude-hold, speed-hold, and turn rate-
command functions. For basic analysis we assume the flight control
system presents to the guidance layer the standard kinematic model
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_z
_ 

2
664

3
775�

Va cos �Wx�x; y; z; t�
Va sin �Wy�x; y; z; t�

Wz�x; y; z; t�
u

2
664

3
775 juj � !max (1)

whereVa is the constant aircraft airspeed, u is the turn rate command,
!max is the maximum allowable turn rate, and �Wx;Wy;Wz�T are the
position- and time-dependent wind components derived from storm
data given at discrete grid points. For UA locations between grid
points, cubic interpolation (usingMATLAB’s interpolation method)
is used to determine the wind speed. Although vertical motion is
considered in this work, only planar (i.e., in the x-y plane) motion is
controlled. Therefore, to simplify notation let the aircraft planar
velocity be v� � _x; _y�T , let the planar wind velocity be vw �
�Wx;Wy�T withVw � kvwk, and let the aircraft velocity relative to the
wind be va � �Va;x; Va;y�T � �Va cos ;Va sin �T . Note that Va �
kvak and v� va � vw.

B. Storm Data

Unmanned aircraft performance is investigated through flight in
several characteristic severe storms. The storm data sets used here
were provided by Jerry Straka of the School of Meteorology at the
University of Oklahoma [16–18]. The first set is planar two-
dimensional data for a single instant in time for an altitude of 500 m.
Storm data are given on a 210 by 210 grid with a resolution of
500 meters between grid points in a reference frame that moves with
the storm (with velocity �18; 4� m=s). Data include rain, hail, and
three-dimensional wind velocity components (relative to the storm
frame of reference). The storm simulation is aligned such that the
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positive y axis corresponds to north. Figure 1 shows contour plots of
the storm data including rain, hail, planar (x-y) wind speed, and the
z-component of wind vector. Figure 2 shows a close-up of the main
portion of the rain contour overlaid with planar wind velocity
vectors.

The second set was generated using different initial conditions
on a three-dimensional grid at 1 min time intervals. The spatial
representation is given on a 100 by 100 by 25 grid where the grid
points have separations of 500, 500, and 100mbetween points (in the
x, y, and z directions, respectively). Data are given every minute for
16 min, representing the full evolution of the storm.

The rear-flank downdraft, which is the goal region for pretornadic
storm penetration (see Fig. 2), is characterized by several traits, with
some observable in the simulation data. First, as the name implies, the
wind velocity in the region has a strong downward component
(Fig. 1). Second, the region sits behind a gust front that is observable
in the wind data (Fig. 2). Third, the region contains a large amount of
rain (also observable in Fig. 2). Finally, the rear-flank downdraft sits
behind a Cumulonimbus cloud base that is not visible in the data, but
is visible in the field (and marked on Fig. 2). These traits of the rear-
flank downdraft allow both the operator and the ingress planning
system to identify and track the moving goal region during the
penetration mission.

III. Path Planning Using Wave Front
Expansion Methods

Guidance-layer path planning algorithms for stormpenetration are
developed based on ordered upwind methods for wave front prop-
agation. Ordered upwind methods (OUM) are a class of noniterative
algorithms that solve continuous wave front propagation problems
on a discretized grid representation of the configuration space. These
priority-based schemes maintain an ordering of points and sys-
tematically compute the solution by relying on known, previously
computed information that lies upstream, that is, information that
would be visited by the expanding wave front first [15]. These
methods provide an approximation to the wave front propagation by
interpolating between discrete grid points, with the approximation
known to converge to the optimal solution in the limit as grid spacing
decreases [15]. In the context of path planning and optimal control,

OUM is used to approximate the solution of the Hamilton–Jacobi
equations that describe optimal aircraft trajectories. The ordered
upwind methods use partial information about the characteristic
directions of the wave front propagation to decouple the nonlinear
systems described by the Hamilton–Jacobi equations, producing
one-pass algorithms of greatly reduced computational labor com-
pared with other numerical techniques [15].

The planning problem of interest here is to minimize the objective

J�
Z

xf

x0

g�x� dx (2)

wherex0 andxf are the initial and final (goal) positions, respectively,
of the aircraft and g�x� is some cost function. Taking g�x� � _x�1�x�
makes the objective the duration of the path and leads to the time-
optimal trajectory generation problem. When the aircraft path is

Fig. 1 Contours of rain, hail, 2-D speed, and z component ofwind speed for a simulated storm environment. Rain andhail values are given as the ratio of

the mass of the precipitation in a particular mass of air, �kg=kg�.

Fig. 2 Contours of rain with planar wind vectors around region of
interest. Sensing target, gust front, and cloudbase have been indicated by

hand.
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denoted by a discrete set Pa of ordered points xi then the objective
can be rewritten as

J�
XjPaj�1
i�1

c�xi;xi�1� (3)

where

c�xi;xi�1� �
Z

xi�1

xi

g�x� dx (4)

is the cost of moving from one position to the next.
Minimizing Eq. (3) subject to the kinematic model Eq. (1) is

difficult, and so we plan paths using a less restrictive first-order
model and then use a feedback control law to follow the path. This is a
rough approximation, but one that the authors do not feel will
compromise the effectiveness of the planner, especially given the
large grid spacing of the sampled environmental data with respect to
the turn radius of the vehicle. It is left to further work to analyze the
effect of this simplification. Using the first-order model the aircraft
motion is given by

_x� v�x; a�a (5)

where x is the aircraft position, v�x; a� is the aircraft speed, and a is
the unit vector that denotes the direction of thevelocity. The speed is a
function of both the aircraft position and direction. It will be shown in
the next section that even when the aircraft’s airspeed is constant
v�x;n� will change as a function of position and direction based on
the backgroundwind velocity. Finally, the control input to the system
is the direction of the velocity vector u� a, and so the planning
problem of interest is to solve for

u 	�
� � argmin
u�
�

Z
xf

x0

g�x� dx (6)

subject to Eq. (5).

A. Cost Function

Using a cost function that ensures that all resulting paths are
feasible (i.e., that the aircraft can move against the wind in a certain
direction) is pertinent to the success of the presented mission.
Previous cost functions, although acceptable given there are no
strong winds (Va � Vw), can yield infeasible paths in strong winds
[10]. Given the design constraints imposed on the unmanned aircraft,
it is assumed that the environment encountered by a UA when
approaching a pretornadic stormwill containwinds thatwill likely be
larger than the maximum air speed of the vehicle.

To ensure that all generated paths are feasible, travel time for the
vehicle to reach a target point needs to be derived correctly [14]. To
generate the cost function it is assumed that the aircraft can move in
any direction with speed Va and that a path following controller can
be implemented such that the aircraft described by Eq. (1) can stay on
the resulting path. Given a goal point a distance d away, aircraft
velocity va, and wind field velocity vw, the travel time � is related to
these variables by d� �vw � va� 
 �. Projecting this on the x and y
axis yields

dx � �Va;x �Wx� 
 � dy � �Va;y �Wy� 
 � (7)

Aircraft speed components Va;x and Va;y can be eliminated by
substituting V2

a � V2
a;x � V2

a;y into Eq. (7) to give

�dx �Wx 
 ��2 � �dy �Wy 
 ��2 � V2
a 
 �2 (8)

Solving this quadratic equation for travel time yields

� �
��Wx 
 dx �Wy 
 dy� �

�����
�
p

V2
a � V2

w

�
�����
�
p
� hd 
 vwi
V2
a � V2

w

(9)

where �� V2
a 
 �d2x � d2y� � �Wx 
 dy �Wy 
 dx�2. Considering the

case where Va � Vw, the equation can be simplified to:

� � d2

2hd 
 vwi
(10)

The time � is only defined when� � 0. The union of the set where �
is undefined, and when � < 0 identifies infeasible regions of travel.

When solving the time-optimal planning problem, the cost for
moving from position xi to xj is defined as

c�xi;xj� � cij � � (11)

with d� xj � xi. If it is assumed that exposure to precipitation has
an upper bound for safe aircraft flight then precipitation can be
accounted for by treating rain and hail as obstacles. In this case the
cost function is modified

cij

�
�
�: rain�x; y; z; t� � rainmax and hail�x; y; z; t� � hailmax

1: rain�x; y; z; t�> rainmax or hail�x; y; z; t�> hailmax

(12)

When the cumulative (additive) effect of precipitation needs to be
included in the optimization, a second term is added to the cost
function

cij

�
�
� � �p�xi� 
 d: rain�xi� � rainmax and hail�xi� � hailmax

1: rain�xi�> rainmax or hail�xi�> hailmax

(13)

with

�p�x� � krain 
 rain�x� � khail 
 hail�x� (14)

where rain�x� and hail�x� are the precipitation values at x and krain
and khail are gains that can be used to tune the optimization. Using
the cost function in Eq. (13) is equivalent to solving Eq. (6) with
g�x� � _x�1�x� � �p�x�.

B. Wave Front Expansion

Wave front expansion is performed using ordered upwindmethods
to propagate cost-go-to values over the discretized configuration
space of the unmanned aircraft. Unlike standard fast marching
expansion methods, OUM accounts for the anisotropic nature of the
wind field during wave front propagation. Ordered upwind methods
are implemented via finite difference update rules that are proven to
converge in the limit as grid spacing decreases to the viscosity
solution of the Hamilton–Jacobi partial differential equation cor-
responding to the optimal control problem, defined here based on the
cost function in Eq. (13), [15].

The optimal cost-to-go map is generated by dividing the con-
sidered space into three sets of points, far, considered, and accepted
(the Nomenclature and description presented here closely follow that
presented in [15]). The accepted front is defined to be the set of
accepted points adjacent to at least one member of the set of
considered points. Let AF be the set of line segments xjxk where xj
and xk are grid points on the accepted front such that there is a
considered grid point xi adjacent to both points. For each considered
grid point xi the set of points on the accepted front near xi is defined

NF�xi� �
�
�xj;xi� 2 AFj9x on �xj;xk�s:t:kx � xik � h

F2

F1

�

(15)

where h is the grid size and F1 and F2 are the upper and lower
bounds on the speed of the AF, respectively, and make up the
anisotropy ratio �� F2=F1. Let U�xi� represent the optimal cost to
go from point xi, let V�xi� be a candidate value for the optimal cost
to go from point xi, and let Vxj;xk �xi� be a consistent upwinding

approximation when the characteristic xi lies in the simplex xixjxk,
which we take here to be
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Vxj;xk �xi� � min
�2�0;1�
f��cij �U�xj�� � �1 � ���cik �U�xk��g (16)

where cij is the value of the cost function when moving from xj to
xi, for example, Eq. (13). Finally, let � be the domain representing
the environment and �� be the goal region in the environment.

The following is the method for generating a cost map using the
ordered upwind method:

1) Start with all grid points in far (V�xi� �1).
2) Move the boundary grid points (xi 2 @�) to accepted

[U�xi� � 0:0].
3) Move all the grid points xi adjacent to the boundary into

considered and evaluate the tentative value of V�xi��
min�xj;xk�2NF�xi�Vxj;xk�xi�.

4) Find the grid point xr with the smallest value of V�xi� among
all the considered.

5) Move xr to accepted and update the accepted front
[U�xr� � V�xr�].

6) Move the far grid points adjacent to xr into considered.
7) Recompute the value for all the considered xi within the

distance h F2

F1
from xr. If the new computed value is less than the

previous tentative value for xi then update V�xi�.
8. If considered is not empty then go to 4.
Figure 3a shows a test case that was shown to fail in an isotropic

wave front propagation given certain vehicle speeds due to the fact
that the corridor of feasibility does not intersect any grid points [14].
Figure 3b shows the optimal cost-to-go map generated from a wave
front using the ordered upwindmethod. It is apparent from the figure
that a feasible solution can be found by descending the gradient of
this map.

IV. Application

The ordered upwindmethods described in the previous section are
applied to the simulated storm data. The results demonstrate how
OUM1) provide a valuable tool for determining the feasibility of UA
ingress, 2) enable feedback control for aircraft guidance, and 3) can
be used for path planning during ingress.

A. Feasibility, Optimal Ingress Time, and Aircraft Design

Feasibility and ingress time can be evaluated by using Eq. (9) as
the penalty function in the ordered upwind expansion process. The
result of the OUM using this cost gives an approximation of the
optimal time to go from every point in the environment. For locations
in the environment that are not grid points, the time to go is
determined by interpolation. Regions from which the aircraft cannot
possibly reach the goal location will be denoted by an undefined (or
very large) value in the map.

Figure 4 contains examples of the time-to-go maps generated
using simulated storm data (Fig. 4a) with the goal location at xgoal �
�4:25; 5:4�T 
 104 m and aircraft with constant air speeds of Va �
f7:5; 10:0; 20:0g m=s (Figs. 4b and 4c). For a slow moving aircraft
(Fig. 4a), the wind field in the storm separates the environment into
two distinct regions: the southern region where the aircraft is able to
reach the goal location quickly (within 10 min or less) and the
northern region where ingress time is significantly larger (30 min or
greater). Note, the simulation extends beyond the borders of Fig. 4a,
which just shows results near the goal region, so that trajectories from
the northern region can in fact flow down into the southern region.
The next plot (Fig. 4b) shows that increasing the airspeed slightly to
Va � 10:0 m=s changes the time-to-go map significantly. Ingress
paths from the southern region are opened up along corridors on the
eastern and western edges. The map further shows that the western
corridor is generally better because the aircraft flies with the wind
field there. The center of the environment is still marked by a
boundary that cannot be crossed. Finally, for air speed of
Va � 20:0 m=s, Fig. 4c shows that the aircraft can fight the wind
from any location to reach the goal without having to go around the
center of the environment. The time to go is still varied across the
environment, but all paths are reasonably direct.

The time-to-go maps can be used in several different ways. As a
design tool, the maps can be used to evaluate the tradeoff between
aircraft speed (which usually relates to mass) and mission-level
performance objectives like ingress time and deployment feasibility.
Figure 4 shows wide variation in the general shape of the time-to-go
map, implying very different performance results for different
aircraft airspeeds. A salient example is the map with Va � 7:5 m=s,
which shows that the entire northern half of the environment has
trajectories at least 3 times slower than the southern region. Thus, if
mission-level constraints are going to force the aircraft to deploy
north of the storm, the airspeed should be increased.

A second use of the cost-to-gomaps is the selection of deployment
locations. The figures show that given vehicles with slower speeds,
deployment location becomes more important. In some cases small
movements in deployment location (less than 5 km) can significantly
change the time for the UA to reach the goal location. Consider the
map for Va � 10:0 m=s (Fig. 4c), which shows two corridors along
the edges. Deployment from �5:5; 6:2�T 
 104 m leads to a path that
has to travel around the center and into the western corridor, taking
approximately 15 min to reach the goal. Moving the deployment to
the location �5:5; 6:3�T 
 104 m puts the aircraft on the other side of
the central obstruction and lets the aircraft head straight toward the
goal region, reaching it in close to 8 min. From an operational
perspective, the time-to-go map implies that mission-level optimi-
zation should be performed that combines time required to reach a
deployment location as well as airborne time to go.

Fig. 3 a) Test wind field, constant speed of 30 m=s, and b) cost map obtained by using an ordered upwind method for backward wave front expansion

with Va � 20 m=s. An example path generated using this cost map to a goal location indicated by the asterisk is shown as a dashed line.

ELSTONAND FREW 103



The cost-to-go maps can also be used to derive the ingress
trajectory. A key trait of OUM is that the propagated wave front is an
approximation of the viscosity solution of the Hamilton–Jacobi
equations associatedwith the optimal trajectory design problem [15].
The trajectory is determined by following the gradient of the time-to-
gomap.Once themap is determined for a givengoal andwindfield, it
can be used at any time to determine a feasible and nearly optimal
trajectory from any location. From an operational perspective, this
enables instantaneous response once the deployment location is
determined. Having the complete map also allows for instantaneous
adaptation when disturbances push the aircraft off the optimal
trajectory. In fact, the next section shows how the time-to-gomap can
be viewed as a feedback control law that can be used for adaptive
ingress planning.

Another example shows how the OUM can account for precipi-
tation. Figure 5 shows the resulting cost-to-go map derived using
Eq. (13) with a rain exposure limit rainmax � 4 
 10�3 kg=kg
(hailmax �1). In this example the rain exposure limit creates two
obstacles that are denoted as infeasible regions in Fig. 5. The
resulting paths move away from these regions before curving toward
the goal. The parameter krain was heuristically set to weight the
relative importance of minimum time and minimum rain exposure
for this scenario.

B. Ingress Planning

Ingress planning can be realized using the cost maps generated
previously for feasibility studies. By following the gradient of the
cost map, the UAwill reach the goal location in the minimal amount
of time (within the limits of the sampled data and assumptions
required by the algorithm). Given the map, the path to the goal point
can be defined by the set of points xt, t� 1; . . . ; n where t is the
discrete time, x0 is the deployment location of the UA, and

x t�1 � xt ��x 
 nt (17)

where�x� Ts=krU�xt�k is the step size, nt �rU�xt�=krU�xt�k
is the step direction, and Ts is the sample time of the discretization.
Although knowing the complete optimal trajectory can be beneficial
for higher level reasoning, it is not necessary for aircraft guidance.
Instead, the aircraft at xt simply uses Eq. (17) directly to determine
the local direction of its next step.

In practice the aircraft will not follow the optimal direction butwill
instead move to

x t�1 � xt ��x 
 nt � et (18)

where et is a disturbance vector due to the fact that the wind field
measurements will have errors, the goal locationmay bemoving, and

Fig. 4 Cost maps obtained using an ordered upwind method for backward wave front expansion, target indicated by an asterisk. Shading correlates

with time in minutes required to reach goal location. Each plot depicts a different vehicle speed, and an example path from the same starting location is

shown on each plot as a dashed line. Plot (a) does not contain a path, as it is impossible to reach the goal location within the 30 min time frame.
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thevalue functionU�xt� calculated by theOUMis an approximation.
In this case the aircraft simply uses the time-to-go map at the new
location and moves based on rU�xt�1�.

In an operational deployment Doppler radar systems will provide
wind field estimations and storm structure at irregular intervals. Let
TD represent the time between successive wind field measurements
and let Uk be the cost-to-go map determined from wind field data
collected at time k. In this case it is expected that the wind field
changes over time so the value function Uk for k � t < k� TD will
accrue errors as the actual wind field evolves. The feedback control
structure of the backward propagation solution is used as part of a
receding horizon controller for ingress planning. In particular, over
the time interval k � t < k� TD the aircraft moves in the direction of
�rUk�xt�. At time t� k� TD new measurements of the wind field
are collected and the new cost-to-go mapUk�TD is calculated. Thus,
the aircraft uses the receding horizon control

x t�1 � xt �
Ts 
 Uk�xt�
kUk�xt�k2

� et; k � t � k� TD (19)

Depending on model information available to the guidance layer,
an additional term êi that estimates themotion of the target region can
be added to the update rule

x i�1 � xi ��x 
 ni � ei � êi (20)

where the estimate êi is derived from a simple update law like

ê i�1 � êi � ��xopt;i�1 � xi�1� (21)

where � is a weight used to determine the frequency response of the
update and xopt;i�1 ��x 
 nt is the location the aircraft would have
moved to had the wind field been exact.

Thus far derivation of the ingress planner has assumed that the
aircraft can travel instantaneously in the direction of �rUk.
Unfortunately the kinematic aircraft is constrained to move in the
heading direction only with a bounded turn rate. In this case an
additional proportional control law is wrapped around the ingress

planner to calculate the aircraft turn rate u� _ opt � ku� opt �  �
where opt �
��rU�xt�� � 
�nt� is the angle of the gradient of the
cost-to-go map relative to the x axis. Again, because the backward
propagation using OUM provides Uk�x� 8 x, the resulting ingress
planner performs like a feedback control law.

Two simulations, one with each data set, were conducted to
demonstrate the ingress planner. For the two-dimensional set, theUA

was assumed to maintain the same altitude throughout the flight.
Because the storm data are given in a moving reference frame, their
location over timewith respect to the inertial reference framewas set
to move with the constant velocity �18; 4�T m=s. A linear inter-
polation between data points in both space and time is used to
generate the actual wind field that affects the dynamics of the vehicle.
The onboard planner only receives wind field updates at the rate of
once per minute, corresponding to a simulated update from Doppler
radar information. From these updates the planner calculates the cost
map used for guidance for the next minute.

Figure 6 shows the track of the aircraft for the entire simulation and
the final location of the storm rain contours. The points where the
onboard radar data were updated are marked as triangles. At each of
these points, the path generated from the cost-to-gomap is shown as a
dashed line, and the corresponding goal location is shown as a circle.
This goal location was determined by examining the data and
choosing the area of interest by hand. The initial path generated by
the ingress planner curves toward the left to move out of adverse
winds first and then ride favorable winds to the target. As the target
region moves, the planner modifies the path in response. After
intercept of the target, the vehicle exhibits an oscillatory behavior
about the target location. The cause of this behavior is the path
following algorithm. Given that an aircraft requires a minimum
forward airspeed, once the target is reached the UA is commanded to
orbit at a specified radius. The beginning of an orbit combined with
periodic radar updates of the target location causes the vehicle to
oscillate.

Figure 7 shows the error between the expected location of the
aircraft and the actual position during the simulation. These errors
reflect several factors, mainly the difference between the path
planned from the 1

60
Hz radar update and the path affected by

spatially and temporally interpolated simulation data. The error is
also affected by other simplifications and assumptions already
specified earlier in this paper. The error value in the graph generally
increases until a radar update is received by the controller. This
behavior validates the usefulness of the addition of an update law
[Eq. (20)], which was not included in this simulation, to the
controller.

Simulation of flight through the four-dimensional data was
performed similarly to the previous simulation. The full data set was
interpolated to determine the actual environment for theUAat a given
point in time and space. Thepathplanner only receivedupdates on the
wind and precipitation fields once a minute to simulate a radar data
feed. The UA altitude was allowed to change due to the wind field,

Fig. 5 Cost map obtained by using an ordered upwind method for

backward wave front expansion, target indicated by asterisk. Cost

function includes a rain exposure limit rainmax � 4 � 10�3 kg=kg
(hailmax �1). Fill lightness correlates with time inminutes to reach goal

location given Va � 10 m=s, black indicates a boundary. An example
path to the goal location is depicted as a dashed line.

Fig. 6 Rain contours for the first set of storm data at the end of the

simulation. The track of the vehicle is shown as the thick black line, with
triangles at the points where the radar data were updated. Circles show

the corresponding goal points at each update. The dotted lines show the

calculated optimal path at the start each iteration.
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but was not actively controlled. To reduce the large amount of
computation required for producing this simulation, only a two-
dimensional slice of the storm data nearest the current altitude of the
UA was used for creating the cost maps. Because of this simpli-
fication, three-dimensional control could not be accommodated by
the path planner. It is possible that a simplification of the data would
have allowed for three-dimensional control to be considered, but it is
left to future work to determine the computational constraints of the
algorithm, their effect on the applicability of the algorithm, and the
possible solutions.

Figure 8 shows the rain contours for the sixteenth minute of the
data setwith an overlaidUA track. The initial UApathmoves upward
before turning left to head into the rear-flank downdraft. This path
takes it above the gust front with large downdrafts. As the storm
moves downward, the UA begins to encounter more rain and wind
than expected. After the second planning epoch, the optimal path
shifts to a southern route below the gust front.

V. Conclusions

Ordered upwind methods were used to develop guidance-layer
planning algorithms for severe storm penetration by small unmanned
aircraft. The ordered upwind methods are a class of noniterative

algorithms that solve continuous wave front propagation problems
on a discretized grid with significantly less computational effort than
other numerical techniques. In the context of path planning and
optimal control, ordered upwind methods approximate the solution
of the Hamilton–Jacobi equations that describe optimal aircraft
trajectories. They are well suited to the planning problems
considered here because they are designed for anisotropic flowfields
and because the Doppler radar systems deployed to study severe
storms provide wind field information at discrete points in the
environment.

A backward propagating wave front algorithm based on ordered
upwind methods was created to aid development of mission-level
concepts of operation for storm penetration. In particular, the
algorithm generates cost-to-go maps of the environment that 1) can
be used to determine the feasibility of storm penetration from
different locations, 2) can be used as a design tool to understand
aircraft speed requirements, 3) show the sensitivity of ingress time to
deployment location, 4) yield feasible ingress trajectories that reduce
flight time, and 5) form a component of a receding horizon ingress
planner. Unlike previous work that uses forward propagating wave
front planners in current fields, the global cost-to-go maps generated
here using backward propagation are used as feedback control laws
to simplify the overall computational of the guidance-layer inputs.

The planning algorithms were applied to simulated severe storm
data to highlight their utility. The simulated data emulate measure-
ments that can be taken in the field byDoppler radar systems. Several
different examples showed how storm winds create distinct regions
in the environment such that vehicle design and deployment location
can have significant impact on overall mission performance. The
inclusion of precipitation as a constraint and as an additional term in
the optimization objective function were shown. Finally, ingress
planning in the face of unknowndisturbanceswas also demonstrated.

Future work will address several issues. We are investigating
additional modifications to the ordered upwind methodology to
account for path constraints from vehicle dynamics and the
cumulative effect of the vertical wind component. Further, adaptive
mesh generation is being pursued to reduce the overall comput-
ational complexity of ingress planning. Finally, estimation from
reduced order storm models will be incorporated into the ingress
planner.
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